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ABSTRACT In this article, a vehicle scheduling problem of third-party passenger finished vehicle logistics
transportation networks is studied. An integer programming model of open heterogeneous fleet pickup
and delivery problem with time windows and split load (OHFPDPTWSL) is established to maximize the
total profit, and a hybrid parallel heuristic algorithm combining with path buffer clustering operator (PBC),
multi-mark split operator (MMS) and four variable neighborhood search operators (PBCMMSVNSHPA)
is proposed to solve this problem with high quality in a relatively short time. The PBC operator with
three different clustering types can effectively cluster the orders and the transport vehicles before the route
planning, and the MMS operator can greatly reduce the complexity and computation of the path planning
at the expense of little algorithm precision. Then a set of instances which represents the realistic characters
of OHFPDPTWSL modified from benchmark instances is introduced. The experimental results on these
instances show that PBCMMSVNSHPA is suitable for real-time requirement or large-scale dataset, and the
experimental results on the actual instance of an enterprise show that this algorithm can solve the instance
with 200 orders and 500 vehicles within 3 minutes.

INDEX TERMS Passenger finished vehicle logistics, open heterogeneous fleet, pickup and delivery problem
with time windows and split load, path buffer clustering, multi-mark split.

I. INTRODUCTION
In recent years, with the rapid growth of China’s automobile
production and sales, the automotive logistics industry has
achieved rapid development. In 2018, the passenger finished
vehicle logistics market in China exceeded 800 billion yuan,
of which transportation cost accounted for more than 40%.
The main mode of domestic passenger finished vehicle trans-
portation is road transportation of which the proportion is
more than 85%, but it still exists a problem that the empty
driving rate of vehicles is as high as 40% [1].

The passenger finished vehicle logistics (PFVL) refers to
the logistics process that the passenger vehicles are finally
handed over to the customer at the designated time and place
after having been produced from the host factory, through
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storage, transportation, and information transmission [2].
PFVL is located downstream of the automobile industry
chain, which is the bridge between production and sales.
As shown in Fig. 1, the domestic PFVL industry generally
follows the ‘‘two-level distribution’’ mode at present: The
passenger finished vehicles enter the manufacturer’s vehicle
distribution center (VDC) after being produced from the
host factory. The transportation from the vehicle distribution
center (VDC) to the vehicle storage center (VSC) is the
first transportation, and this stage of transportation is usu-
ally completed by the manufacturer itself. The transportation
from the vehicle storage center (VSC) to the 4S automobile
sale center (ASC) is the second transportation and generally
completed by third-party logistics (TPL) [2].

The third-party logistics transportation network of pas-
senger finished vehicles mainly includes vehicle storage
centers (VSC), transport vehicles of TPL enterprises, and 4S
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FIGURE 1. Transportation mode of passenger vehicle logistics.

FIGURE 2. Schematic diagram of passenger finished vehicle logistics transportation network.

automobile sale centers (ASC). The transport vehicles start
from a random location (generally these vehicles stop nearest
to the VSC) and transport the passenger finished vehicle
from the VSC to the designated 4S automobile sales center.
As shown in Fig. 2, there are 5 transport vehicles, 3 vehicle
storage centers (VSC), and 6 4S automobile sale centers
(ASC). The symbol below the icon of the transport vehicle
represents the vehicle no., and the number in brackets rep-
resents its rated capacity and quantity of passenger vehicles
currently transported respectively. Equally the symbol below
the icon of the SC represents the ASC no., and the number
in brackets represents the request of the ASC. From the
figure, we can find that the requests of D2 ASC is split and
transported by A2 and A3 transport vehicle from No.2 VSC
together. The logistics transportation network of passenger

finished vehicles is quite different from the traditional trans-
portation network:

1) The requests of third-party passenger finished vehicle
logistics have Characteristics of a long-time window, wide
geographical distribution.

2) Passenger finished vehicles generally need to use a fleet
of special passenger vehicle transport vehicles with different
capacities to complete the transportation according to the size
and quantity of passenger finished vehicles.

3) To get the maximum total profit, some requests will be
split, and some requests will be served in the next scheduling
while not all requests must be served in one schedule.

4) The passenger finished vehicle transport vehicle starts
from a place nearest the VSC, and usually stops at the place
nearest the VSC of the task destination to wait for the next

200598 VOLUME 8, 2020



Z. Su, W. Li: Vehicle Scheduling Problem of Third-Party Passenger Finished Vehicle Logistics Transportation

task after completing a transportation task, while does not
return to the original starting position.

Thus, the scheduling problem in the passenger finished
vehicle logistics transportation network can be formulated
as an open heterogeneous fleet pickup and delivery problem
with time windows and split load (OHFPDPTWSL).

The main contributions of this article are as follows:
1) The integer programming model of the vehicle schedul-

ing problem in passenger finished vehicle logistics trans-
portation network is established to maximize the total profit.
In this model, there is no distribution center in the transporta-
tion network and the heterogeneous fleet of transport vehicles
starts from a random location.

2) A path buffer clustering algorithm based on the actual
graphical route path buffer including three different types of
buffer clustering operators is proposed to cluster the request
before the transport vehicle route planning. And it is more
suitable for practical engineering applications.

3) Multi-mark split algorithm proposed in this pager can
greatly reduce the complexity and computation of the path
planning algorithm, and can help to solve the problem with
high quality in a relatively short time at the expense of little
algorithm precision.

4) A new benchmark which represents the realistic char-
acters of OHFPDPTWSL modified from the instance of Li
and Lim [33] by removing the distribution center and adding
vehicles with a certain proportion is provided.

The rest of the paper is organized as follows:
1) A brief literature review on Passenger Finished Vehicle

Logistics and Split Delivery Vehicle Routing Prob-
lem is provided in Section 2.

2) A maximum profit mathematical formulation of this
problem is provided in Section 3.

3) A parallel hybrid heuristic algorithm is developed in
Section 4.

4) The algorithm is validated on the extended data set of
Solomon and a real-world case in Section 5.

5) In Section 6, the conclusion and potential future exten-
sions are discussed.

II. LITERATURE REVIEW
OHFPDPTWSL is an NP-hard problem, which is more diffi-
cult for its split load and pickup and delivery constraints [3].
As far as we know, there are few researches completely con-
sistent with OHFPDPTWSL. The related researches are Pas-
senger Finished Vehicle Logistics (PFVL) and Split Delivery
Vehicle Routing Problem (SDVRP).

A. PASSENGER FINISHED VEHICLE LOGISTICS
At present, many vehicle logistics companies still rely
on manual operation when facing complex transportation
tasks, with low efficiency and high cost [4]. There are few
researches on the passenger finished vehicle logistics rout-
ing optimization. Xue-Ting et al. [5] aimed at the logis-
tics planning problem of different specifications of transport
vehicles for different specifications of passenger vehicles,

proposed the two-stage greedy algorithm for redundant vehi-
cles based on integer programming. It can provide a good
loading scheme for the finished vehicle logistics problem
under different complexity. The example results show that
the utilization rate of transport vehicles can reach more than
90%, but their research focuses on vehicle allocation only.
Hu et al. [6] established the mixed-integer integer linear
programming (MILP) model of the finished vehicle trans-
porter routing problem (FVTRP) considering the loading
mode. They used the heuristic method to solve the model,
and compared with the results of some commercial solver,
the algorithmwasmore effective in solving themedium-sized
problem, but their research does not consider the split load.
Jiang et al. [7] put forward the vehicle logistics routing opti-
mization network under the two resource sharing modes of
shared vehicle and shared vehicle distribution center, con-
structed the mathematical optimization model aiming at the
minimum total vehicle transportation cost, and designed a
heuristic algorithm based on genetic algorithm to solve the
problem. The experimental results show that the resource
sharing model can reduce the total cost of enterprises by more
than 30%.

These researches all do not focus on the max profit of the
enterprise by completing the transportation in the passenger
finished vehicle logistics practical in which the customer’s
request can be served in a relativity long time window and
can be split into multiple segments.

B. SPLIT DELIVERY VEHICLE ROUTING PROBLEM
SDVRP was first proposed by Dror and Trudeau [8], who
proved that SDVRP has advantages in both transportation
distance and vehicle quantity. SinceDror and Trudeau [8] first
proposed SDVRP, many scholars have studied the solution
difficulty, the characteristics of the solution, the upper and
lower bounds of the solution, and the solution algorithm.
The characteristic of the optimal solution of SDVRP is the
key to study the problems in this field and was studied in
earlier research. Dror and Trudeau [8] first demonstrated
and proposed the definition of k-split cycle and two basic
characteristics of the optimal solution of SDVRP. Based
on this important conclusion, Archetti et al. [9], [10] and
Desaulniers [11] further obtained the supplementary charac-
teristics of the optimal solution of SDVRP. In actual SDVRP,
the total demand of a single customer may be greater than
the loading capacity of a transport vehicle, and the vehicle
loading and customer demand in practical applications are
positive integers. Archetti et al. [12] and Archetti and Sper-
anza [13] studied this kind of SDVRP, gave the concept of
Q-SDVRP and its definition, and proposed the concept of
reducibility of SDVRP. The research results show that when
the SDVRP distance matrix with an integer demand satisfies
the triangle inequality, it can only be reduced if the vehicle
capacity is Q= 2. The researches on this part are summarized
in Table 1. However, since 2011, we have not found any other
relevant research in this field.
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TABLE 1. Characteristics of SDVRP optimal solution.

Archetti et al. [12] proved that the relationship between
the average customer demand and vehicle loading capacity is
the biggest factor affecting the cost savings of SDVRP. Only
when this influencing factor meets certain conditions can
SDVRP achieve significant cost savings. At the same time,
they proved that the cost savings brought by SDVRP are first
of all the reduction in the number of vehicles used due to the
detachable demand, which is not affected by the distribution
of customer points but is affected by the variance of customer
demand. Early scholars only considered the case where the
demand at each customer point was less than or equal to the
vehicle loading capacity. Dror and Trudeau [8] proved by
examples that when the difference between customer demand
and vehicle loading capacity is small, the solution of SDVRP
is not much improved compared with VRP; when the average
customer demand is greater than 10% of vehicle loading
capacity, demand splitting will bring significant cost savings.
Belenguer et al. [14] pointed out that when the demand of
each customer point is less than the vehicle loading capacity
and the actual transportation volume is an integer, SDVRP has
a strict lower bound. Archetti et al. [15] studied the situation
that the demand of customer point is greater than the loading
capacity of the vehicle, and analyzed the cost savings brought
by SDVRP to VRP from two aspects of vehicle number
and driving distance. Relevant research results are shown
in Table 2.

The algorithm of SDVRP can be divided into two parts:
the exact algorithm and heuristic algorithm. Dror and
Trudeau [8] gave the mixed integer programming model of
SDVRP-UF and the branch and bound method of its solu-
tion, and put forward several effective inequalities accord-
ing to the characteristics of the optimal solution of the
problem. Archetti et al. [9] first solved the SDVRP-LF and

SDVRP-UF using the branch-price-cut method. They give a
heuristic algorithm that uses the solution (column) obtained
by the subproblem as the initial solution to find the upper
bound of the problem solution. Jin et al. [16] proposed a
two-stage method for solving SDVRP with effective inequal-
ity constraints, including a client point clustering stage and a
TSP path arrangement stage. The former aims to determine
the set of customer points visited by each vehicle without
considering the driving cost of the vehicle, and the latter aims
to solve the requested path by TSP. The resulting cost is used
as the lower bound of the problem to insert the next iterative
clustering process with constraints. Moreno et al. [17] pro-
posed the column generation and facet method for solving
SDVRP, and the lower bound of the problem solution can be
effectively obtained by using this method. They use dynamic
programming methods to solve the pricing problem and use
two heuristic algorithms to solve the pricing problem to speed
up the process. Archetti et al. [18] proposed two branch-cut
algorithms for SDVRP based on a relaxation model that guar-
antees the optimal solution to the problem. The first relax-
ation model is an improved model of Belenguer et al. [14],
and the second is a newly proposed relaxationmodel based on
vehicle loading. By comparing the two branch-cut methods,
the performance of the first improved relaxation model is
better.

Heuristic algorithms are often used to solve large-scale
SDVRP. Heuristic algorithms applied in existing research lit-
erature include classic heuristics, hybrid heuristics, and meta-
heuristics. Among them, metaheuristics and hybrid heuristics
have become the main algorithms for solving SDVRP. Dror
and Trudeau [8] designed a two-stage method for solving
SDVRP based on neighborhood search and expounded and
proved improved heuristic methods k-Split Interchange and
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TABLE 2. SDVRP cost savings study (Q is the maximum capacity of the vehicle, di is the demand of customer i , Z is the total path length, K is the number
of vehicles used).

Route Addition. This document is the beginning of SDVRP
research and has been widely cited and used by subse-
quent scholars. Belenguer et al. [14] introduced the concept
of a polyhedron and used the tangent method to solve the
SDVRP of an integer programming model based on arc flow.
Campos et al. [19] proposed a scanning algorithm and used it
to solve SDVRP. Yan et al. [20] proposed a two-stage method
to solve the split demand vehicle routing and scheduling
problems with time windows.

At present, many hybrid heuristic algorithms have been
applied to solve SDVRP. It turns out that using a hybrid
heuristic algorithm which based on an exact algorithm
to obtain a better-quality solution than a single heuristic
algorithm. Chen et al. [21] first proposed a hybrid heuristic
algorithm. The initial solution is given by the C-W saving
algorithm for solving VRP. An Endpoint Mixed Integer
Program (EMIP) model is used to optimally redistribute the
endpoints of each line of the current solution. At the same
time, they proposed a Variable Length Record-To-Record
Travel Algorithm (VRTR) to continuously improve the solu-
tion of EMIS. The algorithm proposed by Archetti et al. [22]
combines the tabu search algorithm and optimization idea
of Archetti et al. [23]. Firstly, the tabu search algorithm is
used to determine the solution space that is most likely to
contain high-quality solutions, and then the integer program-
ming model is used to expand the obtained solution space.
Jin et al. [24] proposed a hybrid heuristic algorithm based
on column generation. The column generation method can
be used to solve the SDVRP with large customer demand.
The columns generated by the algorithm in the problem con-
tain both path and actual distribution quantity information.

The price subproblem is solved by the limited search with
a bound (LSWB) algorithm. Khmelev and Kochetov [25]
proposed variable neighborhood descent (VND) to solve the
SDVRP, which is divided into two subproblems: finding the
best arrangement and finding the best route of any arrange-
ment. Firstly, the first subproblem is solved by variable
neighborhood descent and random tabu search, and then
the second algorithm, the other is based on the subproblem is
solved by two fast decoding heuristics.

In 2006, Archetti et al. [23] used a tabu search algorithm
to solve SDVRP, which is the first time the meta-heuristic
algorithm was used to solve such problems. Derigs et al. [26]
relationship proposed a meta-heuristic algorithm based
on neighborhood search. Through different neighborhood
operations, they get several different meta-heuristic algo-
rithms: simulated annealing, threshold acceptance, memory
update, mountain climbing, and location search. Experiments
show that mountain climbing has the best performance.
Aleman et al. [27] and Aleman and Hill [28] proposed two
new metaheuristic algorithms. Aleman et al. [27] proposed
an adaptive memory algorithm, which obtained the initial
solution of the problem by a constructing algorithm, and
improved it by using theVNS.Aleman andHill [28] proposed
an improved tabu search algorithm, which is used to select
valuable solutions from the initial solution set to construct
a new solution set. Wilck and Cavalier [29] designed two
hybrid algorithms to solve SDVRP based on the genetic algo-
rithm, one is based on the shortest path genetic between unit
customer demand and unit distance ratio. Berbotto et al. [30]
first used granularity computing technology to solve SDVRP,
and designed a random granular tabu search (RGTS)
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algorithm based on random granularity computing. They
define the threshold of granularity calculation as the current
remaining loading capacity of each vehicle and provide a
variety of neighborhood operations. The important idea of
the algorithm is that the current solution is based on the
hierarchical probability of random selection of neighborhood
operation. At the same time, RGTS allows neighborhood
search to accept infeasible solutions that do not meet the vehi-
cle loading capacity constraints. Silva et al. [31] adopted a
new Perturbator SDVRP, which greatly improved the optimal
solution. Yan [32] used an iterative local search algorithm and
a three-stage tabu algorithm to solve SDVRP.

In the theoretical research and practical application of vehi-
cle routing problems, scholars will consider some problem
characteristics and conditional constraints, such as customers
needing to obtain services within a specific period, or have
pickup and delivery requirements at the same time. According
to different problem characteristics and condition constraints,
the SDVRP can be derived from a variety of types, including
the SDVRP With Time Window (SDVRPTW), Heteroge-
neous Fleet Vehicle Routing Problem with Split Delivery
(HFVRPSD).

A summary of the algorithm for solving SDVRP and
its derivative problems is shown in Table 3. However,
the actual geographic paths between request points are not the
straight-line paths between the two points, and how to use the
actual geographic paths buffers have not been considered.

III. PROBLEM DEFINITION AND MATHEMATICAL MODEL
A. PROBLEM DEFINITION
Let the graphG= (V, E) serve as a model of a fully connected
road network, where V is the finite set of nodes, modeling
intersections, andE ⊆ V×V is the set of directed arcsmodel-
ing one-way roads between intersections. That is, (n, n′) ⊆ E
if and only if there is a road that permits traffic to flow from
intersection n to intersection n′. Pickups can be made at the
origin nodes, O ⊆ V , and deliveries can be made at the
destination nodes, D ⊆ V . There is no depot in the network,
the vehicle leaves empty at the beginning of a route, and need
not to return to the start location. The starting positions of
vehicles of the third-party logistics enterprise is A, V = A ∪
O∪D. The distance dij between any two logistics nodes i and
j is known. At present, there are K free transport vehicles and
M orders to be transported in the transport network, where
the starting position of each vehicle is known as Ak ∈ A,
the rated load is known asQk , and the detention time is known
asDetktransport . Each order includes a pickup nodePm ∈ O and
a delivery node Dm ∈ D the quantity qm ∈ N+ of passenger
finished vehicles to be transported and the order priceWm of
the order m are known, and each order has a order generation
time Tmgenerate, a retention time Tmretention and the latest delivery
time Tmdelivery which generally is far greater than Tmgenerate in
actual passenger finished vehicle logistics. It is necessary to
formulate a reasonable transportation task and path planning
to maximize the total profit of this scheduling.

B. MATHEMATICAL MODEL
1) NOTATIONS
a: COEFFICIENTS
• f km : the unit loading cost of transport vehicle k transport
order m, unit: / vehicle · km;

• ek : no-load cost of transport vehicle k , unit: / km;
• Fk : fixed cost of transport vehicle k , unit: / time;
• dkm: total distance traveled by vehicle k after finishing
the transportation of order m, unit: km;

• vk : average driving speed of transport vehicle k , unit: km
/h

• ST: scheduling period, unit: day
• Qk : capacity of the transport vehicle k
• qi: the demand of the node i, is qi for the pick-up node,
and -qi for the delivery node.

• Detktransport : detention time of transport vehicle k
• Tmgenerate: generation time of order m
• Tmdelivery: latest delivery time of order m

b: DECISION VARIABLES

xkij =

{
1, transport vehicle k from node i to j
0, otherwise

∀k ∈ A ∀i ∈ O ∀j ∈ D

ykm =

{
1, order m translated by transport vehicle k
0, otherwise

∀k ∈ A ∀m ∈ O

qmij =


1, order m is transported and travels from

node i to j
0, otherwise
∀m = 1, 2, . . . ,M

• Qki : load of transport vehicle k when leaving node i
• qkm: numbers of passenger vehicle of orderm transported
by transport vehicle k

2) MODEL OHFPDPTWSL
the following intermediate variables are defined to facilitate
the description of the model:
Travel time of transport vehicle k from i to j:

tkij =
dij
vk
∀k ∈ A ∀i ∈ O ∀j ∈ D (1)

Variable cost of transport vehicle k from node i to j:

ckij = xkij(e
k
+ f ki q

k
i )dij ∀k ∈ A ∀i ∈ O ∀j ∈ D (2)

Whether transport vehicle k participates in transportation:

yk =
K∑
k=1

M∑
m=1

ykm (3)

Average transport vehicle detention time:

TavgDet =

K∑
k=1

Detktransport

K
(4)
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TABLE 3. Solving algorithm summary of SDVRP and its derivative problem.
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TABLE 4. Comparison between path buffer clustering and K-means clustering (the path buffer clustering outperforms 66% (37 out of 56) of the data).

Total no-load rate of transport vehicles:

η = 1−

K∑
k=1

i∈O∑
i

j∈D∑
j
(dijxkij(

M∑
m=1

qkmq
m
ij ))

K∑
k=1

i∈O∑
i

j∈D∑
j
dijxkijQk

(5)

The model takes the maximum total profit as the objective
as follow:

Total profit calculated by total amount subtract fixed cost,
and then subtract variable cost:

W1 =

M∑
m=1

Wm

K∑
k=1

ykm −
K∑
k

M∑
i=1

M∑
j=1

ckij −
K∑
k=1

Fk
M∑
m=1

ykm (6)

Order timeout penalty cost:

W2 =

K∑
k=1

M∑
m=1

ykmP(T
m
retention +

dkm
vk
− Tmdelivery) (7)

Detention penalty cost of transport vehicle:

W3 =

K∑
k=1

R(
Detktransport + ST (1− yk )

TavgDet
) (8)

Objective: max W1 −W2 −W3 (9)

Subject to: Qkj ≥ Q
k
i + qj − (Qk + qj)(1− xkij)

∀i, j ∈ V , ∀k ∈ A (10)
K∑
k=1

qkm ≤ qm m = 1, 2, . . . ,M (11)

K∑
k=1

xkij = 0 ∀i, j ∈ A (12)

∑
j∈V ,i6=j

xkji =
∑

j∈V ,i6=j

xkij ∀i ∈ O ∪ D ∀k ∈ A

(13)
K∑
k=1

yki ≥ 1 i = 1, 2, . . . ,M (14)

∑
j∈V ,j6=i

xkij = yki ∀k ∈ A i=1, 2, . . . ,M (15)

qkm ∈ N
+ k = 1, 2, . . . ,K m = 1, 2, . . . ,M

(16)

Equation (9) is the objective function, which means the
total profit subtract the penalty value of exceeding the time
window, and then subtract the detention penalty value of the
transport vehicle. Equation (10) is the capacity constraint
which means the number of passenger vehicles transported
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FIGURE 3. Order timeout penalty function.

FIGURE 4. Vehicle detention penalty function.

by a transport vehicle must not exceed the maximum capacity
limit of this transport vehicle. Equation (11) indicates that
the sum of the passenger finished vehicles of an order trans-
ported by a transport vehicle must be less than or equal to
the total quantity of this order. Equation (12) indicates that
the transport vehicle must not be allowed to travel from the
starting point to the starting point. Equation (13) means that
the transport vehicle must leave after reaching the demand
node (the pickup node or delivery node). Equation (14) means
that each demand node is served at least once. Equation (15)
means that the same transport vehicle must arrive at the
delivery node after leaving the pickup node of the order.
Equation (16) is a constraint of non-negative integers for deci-
sion variables which means numbers of passenger vehicles of
order m transported by transport vehicle k .
This article uses the non-linear functions shown

in Fig. 3 and Fig. 4 as the order overtime penalty function
and the vehicle detention penalty function according to the
actual application scenario of the enterprise. In Fig. 3, [0, t0]
indicates that the order penalty value increases linearly with
time, P0 represents the maximum penalty value of the order.
In this article, a takes 100, t0 takes 30 days, and P0 takes
10,000 . The detention cost of the passenger finished
vehicle in Fig. 4 increases with the increase of detention
time which the purpose is to prevent the order from hav-
ing not been served for a long time. In this article, a is
taken as 100.

IV. SOLUTION APPROACH
Geographic Information System (GIS) is widely used in sci-
entific investigation, resource management, property man-
agement, development planning, and other aspects. In recent
years, some scholars have used GIS to solve some hot issues
in logistics [53]. Buffer Area (BA) is a kind of influence scope

FIGURE 5. Concept of buffer area.

or service scope of geospatial target, specifically refers to a
certain width of multilateral automatically established around
the point, line, and surface entity, which is mathematically
expressed as Bi = (x : d(xi,Oi) ≤ R), specifically can be
divided into point buffer area, line buffer area, and surface
buffer area.

As shown in Fig. 5 (a), the point buffer area is a circular
area generated by taking the point object as the center and the
given buffer distance as the radius. As shown in Fig. 5 (b),
the line buffer area is the normal direction of the object
along the line, which is a closed area formed by translating
two lines to two sides of the line object for a certain distance
and joining the smooth curve formed at the end of the line.

This article proposes a new path buffer clustering and
load split route planning hybrid parallel algorithm (PBCLSR-
PHPA) to solve the problem. Firstly, the operator of the
adaptive clustering algorithm based on the order path buffer
(ACA-OPB) is used to cluster the orders, and then splits
the requirements and planning the route for each cluster
separately. Because each cluster is independent of each other,
all steps of route and split are performed by different pro-
cessors of multi-core CPU in parallel to speed up the whole
process. The overall framework of the algorithm is shown in
Algorithm 1.

A. PATH BUFFER CLUSTERING
The adaptive clustering algorithm based on the order of actual
geographic path buffer is called path buffer clustering (PBC)
and includes two steps: order grouping and adding vehicles
to the group to form a cluster. Firstly, different buffer sizes
are set according to the order clustering type, and orders
with overlapping buffer areas are grouped into one group.
Then the size of all the transport vehicle locations buffer δ
(point buffer of the transport vehicle’s start location) is set,
and the transport vehicles with δ buffer overlapping with a
point buffer of the pickup location in a group are added to
this group to form a cluster. The schematic diagram of the
clustering algorithm for transportation orders based on path
buffer is shown in Fig. 6.
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FIGURE 6. Schematic diagram of clustering algorithm for transportation orders based on path
buffer.

Algorithm 1 Framework of the Algorithm
Input: the request list A,

the transport vehicle list C
demand split type st

Output: Optimized results RS
results← cluster(A, G) (Algoritlmi2)
for G in results do

// The following operations are performed in parallel
// The ForkJoin framwork in Java is used in this
article
if st == ‘multi-mark split’ then

R← route(G) (Algorithm 4, 5)
S ← MMS(R) (Algorithm 3)

end
else

S ← unitSplit(G) // (section 4.2)
R← route(S) (Algorithm 4, 5)

end
end

There are three different types of buffer clustering:
1). Type I clustering: as shown in Fig. 6 (a), theα buffer (the

radius of buffer size is α) of the pickup node and the delivery
node of two orders is overlapped respectively, the clustering
buffer parameter is α.
2). Type II clustering: as shown in Fig. 6 (b), the β buffer

(the radius of buffer size is β) of the delivery node of the
first order and the β buffer of the pickup node of the second
order is overlapped, the clustering parameter is β (generally
β > α).
3). Type III clustering: as shown in Fig. 6 (c), theα buffer of

the pickup node of one order and the γ buffer (the width of the
line buffer area of the transportation route is 2γ ) of another

order is overlapped, and at the same time, the β buffer of the
delivery node of the two orders are overlapped.

According to the above steps, the order can be divided
into several groups, a schematic diagram of order clustering
results including two order groups is shown in Fig. 6 (d).
The cluster generated according to the above method may
have the situation of repeated usage of transport vehicles
(that is the same transport vehicle may be added to several
different cluster), and need remove duplicates according to
the following principles:

1) First, the distance is preferred, that is, the transport
vehicle with the shortest distance away from an order pickup
point in a cluster is added to this cluster;

2) Second, the ratio of the number of vehicles in the cluster
to the number of orders is considered, that is, the transport
vehicle will be added to the cluster with a smaller ratio;

3) Finally, the transport vehicle will be added to a cluster
randomly. The pseudo-code of the clustering algorithm is
shown in Algorithm 2.

B. MULTI-MARK SPLIT
The existing request split methods mainly include the basic
split method, greedy split method and proportional split
method [52]. According to the characteristics of the pickup
and delivery problem, this article adopts two kinds of split
methods: unit split and multi-mark proportion split.

1) UNIT SPLIT
Assuming that the demand at customer point i is q, it can be
split into q customers with a demand of 1. These customers
have a pickup node and a delivery node, and the distance
between the pickup (delivery) node and the pickup(delivery)
node is 0. In this way, we can remove the constraint that
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Algorithm 2 Path Buffer Clustering (PBC)
Input: the request list A, α, β, γ
Output: clustering results CR
n← size of A
Adjacency← empty list with size n ∗ n and de faut value
0
for i (0, n) do

for j in (0, n) do
if i ! = j then

ri← requestes[i]
rj← requestes[j]
if ri and rj satisfy the clustering conditions
then

Adjacency[i][j]← 1
end

end
end

end
The number of connected graphs in Adjacency
is the number of clusters

the requirements can be split and convert it to a heteroge-
neous fleet pickup and delivery problem with time windows
(HFPDPTW) for solving.

2) MULTI-MARK SPLIT
Multi-mark split algorithm is a kind of split algorithm that
is similar to the traversal algorithm used to split the opti-
mized route, but compared with traversing the whole route,
the complexity of the multi-mark algorithm is much lower
because it visits fewer edges in the network. The multi-mark
algorithm scans every node of the pre-optimized route in
turn, and inserts marks for each node on the route based
on the optimal marks of the previous node. A mark of a
node describes the status of a transport vehicle that will
travel through this node. And as shown in Fig. 7 (a), a mark
is also an entity that has many attributes such as mark
no. (MN), nearest transport vehicle no. to this node (TN),
distance from the node to this transport vehicle (ND), rated
capacity of this transport vehicle (RC), the total quantity
of passenger finished vehicle will be transported by this
transport vehicle to this node (TQ), a total distance of that
this transport vehicle will travel to this node (TD), nodes of
this transport vehicle has traveled through in sequence (NS).
New marks are only generated on pickup nodes, and marks
on delivery nodes are inherited from the previous node of
which the value of TQ, TD, and NS will be changed. The
demand of pickup nodes that exceeds the capacity constraint
of transport vehicles will be split and transported by a new
transport vehicle. Because there may be many marks on the
same task node, this split algorithm is called a multi-mark
algorithm.

The steps of the multi-mark proportion splitting algorithm
as follows:

i). Add new marks

Traverse each pickup node Ni in the network. If there is an
empty transport vehicle near the task node and the demand of
this node is not greater than the rated capacity of the nearest
transport vehicle, add a new mark Mj, and the values of the
attributes of this mark can be set as below:

MN = j j = 1, 2, 3 . . .
TN is the transport vehicle no.
ND is the distance from this transport vehicle to the current

task node.
RC is the rated capacity of this transport vehicle.
TQj = min (Ci,RC) where Ci is the demand of the current

task node.
TDj = ND
NS = i
If the demand of this node Ci is larger than the rated

capacity of the nearest transport vehicle RC, the demand of
this node will be split as RC×R and Ci−RC×R, and repeat
the above steps.

As the mark no.1 on the first node 3(+4), the mark no.2 on
the second node 2(+6), and the no.3 mark on the fourth node
1(+10) shown in Fig. 7 (b), they are all marks on the pickup
node, and there is only one transport vehicle near each node
no.1, no.2, and no.3.

ii). Inherit marks
Traverse each node Nk in the network, and do as follows:
If the node is a delivery node, inherit all the marks of the

previous node, and the attributes of the mark can be changed
as below:
MN, TN, ND, and RC keep unchanged.
NS, TQ, and TD can be set as below:

NS j = NS j−1 ∪ k k = 1, 2, 3 . . .

TQj =


TQj−1 If NSj contains the pickup node

of nodek
TQj−1 − Ci Otherwise

TDj = TDj−1 + L (k − 1, k)

where Ci is the demand of the current task node, L(k − 1, k)
is the distance between task node k − 1 and k.
As marks on the third node 2(−6), the marks on fifth node

3(−4), and the marks on the sixth node 1(−10) shown in
Fig. 7 (b), they are all marks on the delivery node.

If the current node is a pickup node, inherit all the marks
of the last node ahead of this node and change the value of
TQ, TD, and NS, keep other attributes unchanged.
TQj can be set as TQj = min(TQj−1 +Ci,Cr ), where Ci is

the demand of the current task node,Cr = RC×R,R ∈ (0, 1],
and R is the proportion parameter, RC is the rated capacity of
the transport vehicle of mark j.
TDj can be set as: TDj= TDj−1 + L (i− 1, i) where

L(i− 1, i) is the distance between task node i− 1 and i.
NS j can be set as: NS j−1 ∪ k .
If the demands of this node are larger than the remain-

ing capacity of the inherited transport vehicle, the exceeded
demands will be transported by a new transport vehicle near
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FIGURE 7. Schematic diagram of the multi-mark proportional split algorithm.
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FIGURE 8. Relocate node in one route: one pickup node or a delivery
node is removed to be reinserted in the best position of the same route.

this node, that is to say, a new mark will be created. And the
method to create the new mark as step 1.

As the mark no.1 and no.4 on the second node 2(+6), the
mark no.2 on the fourth node 1(+10) shown in Fig. 7 (b) are
marks on delivery nodes inherit from the last node ahead of
them.

Thus, the marks on the last node of the pre-optimized route
are all marks of this route.

3) SELECT AND BACKTRACK MARKS
Select marks on the last node that their NS can include all
nodes in the pre-optimized route and the summation of their
TD is the shortest as the final marks. We can get the opti-
mum scheme of this route by backtracking the same mark
on node no. in NS of these marks. The detailed implemen-
tation process of the multi-mark split algorithm is shown
in Algorithm 3.

As shown in Fig. 7 (b), the mark no.1 and no.2 are the
selected marks because their NS have included all the nodes
from no.1 to no.6 and the summation of distance traveled by
all transport vehicles is the shortest 45. By backtracking the
same mark on a node no. in NS of mark no.1 and no.4, the last
optimum scheme of this route is shown in Fig. 7 (c).

C. ROUTE PLANNING
Since the number of orders in each cluster is small after
clustering, the improved tabu search algorithm is used to
plan the route. This article implements four neighborhood
search operators to generate a new solution. These moves
are illustrated in Fig.8-11. As shown in the figures, squares
represent transport vehicles while circles represent pickup
nodes and triangles denote delivery nodes.

The first two operators involve the transformation of nodes,
and the next two involve the transformation of edges. All
these four operators are to generate better new solutions for
path optimization. During each iteration, randomly select
one of the four neighborhood search operators to generate
one/two neighborhoods. If the neighborhood is an infeasible
solution, skip it. The pseudo-code for route planning is shown
in algorithm 4 and the pseudo-code of neighborhood gener-
ation is shown in algorithm 5.

D. TERMINATION CONDITION
Using the convergence termination method as the termina-
tion condition of route planning, detect the change of the

Algorithm 3Multi-Mark Split(MMS)
Input: the pre-optimized route por, the transport vehicle
lists C
Output: split results SR
nodes← tasknodes of por
// Create Marks
marks← {}
for node in nodes do

mn← 0 // Quantity of mark or mark Group of the
node
if node is a pickup node then

nv← find nearest transport vehicle to node from
C
if nv! = null then

capacity← node.capacity
// Add New Marks
if capacity ≤ nv.capacity then

mark← AddNewMarks(marks, nv, node)
marks[node][mn++]← mark

end
else

markGroup← AddNewMarks(marks,
nv, node)
marks[node][mn++]← markGroup

end
end
if node is not the first node then

// Inherit Marks
mark[node][mn++]←
InhcritMarks(marks, node)

end
end

// Inherit Marks
marks[node][mn++]← InheritMarks(marks,
nodc)

end
end
FM← marks of the last node
SR← find the marks that can travel all of the nodes of
por and with
the shortest summation of travel distance from FM

FIGURE 9. Relocate node between routes: one request is removed from
one route and reinserted in the best position of another route.

objective function value with iteration. If the change of the
objective function value satisfies the convergence condition,
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Algorithm 4 Find Shortest Route (FSR)
Input: the request list A, the transport vehicle list C
Output: Solution s
Randomly generate a solution i, and evaluate it
f (i)s← i, k ← 0,H ← {}
while not stop do

// generate neighors by the four operators
E ← GNS(i,H )
i← SelectBestSolution(E)
Update the tabu list H
if f (i) better than f (s) then

s← i
end
k ← k + 1

end

Algorithm 5 Generate Neighborhood Solution (GNS)
Input: the solution i, the tabu list H
Output: Solution list E
itr← 0, R← Initializing an array with size N
N is the number of new solutions
while itr ≤ N do

t ← rand(0, 4)
s← Select a solution from H randomly
if t = 0, 2 then

R[itr]← Use i to generate a neighbor by the
first and third VNS operator illustrated
in Fig. 8 and Fig. 10
itr ← itr + 1

end
if t = 1, 3 then

R[itr],R[itr + 1]← Use i and s to generate two
neighbors by th second and fourth VNS operator
illustrated in Fig.9 and Fig.11
itr ← itr + 2

end
end

FIGURE 10. Relocate edge in one route: two requests are exchanged in
the same route.

the optimization ends. The formula of convergence termina-
tion method is as follows:

|
fk+t − fk

fk
| ≤ ε (17)

In the above formula, fk represents the optimal objective
function value at the kth iteration, fk+t represents the optimal

FIGURE 11. Relocate edge between routes: two requests are exchanged
between two routes.

objective function value at the number k+ t iteration and ε is
an arbitrarily small positive number (this article takes 0.001).

V. NUMERICAL EXPERIMENTS
We use java to code programs and run them in the
win10 operating system. And the system configuration is
AMD 3600/4.2Ghz.

The algorithm java program source code of this article can
be obtained freely from https://gitee.com/bupt_htl/pdptw.

A. VALIDATION ON THE REVISED INSTANCES
1) INSTANCE INTRODUCTION AND PARAMETER SETTING
The main aim of this article is to propose new algorithms
for real-world OHFPDPTWSL instances. Because there are
no benchmark instances that can be used directly for the
OHFPDPTWSL problem. Li and Lim’s benchmark revised
from Solomon’s benchmark instance for pickup and delivery
problemwith time windows which are widely used [19], [54],
which can be used to verify the model and algorithm of this
article after a simple revision. These data are divided into
three categories: clustering data (LC), semi-clustering data
(LRC), and discrete data (LR), and each category of data is
divided into two groups. The instance requires all transport
vehicles to start from a fixed distribution center with the same
capacity. Therefore, the instances are revised as follows:

1) Remove the distribution center constraint in the original
instance;

2) Calculate the upper and lower boundaries of X and Y
axes of each group of data respectively: Xm, XM , Ym and YM ;
3) Set the parameter λ to represent the proportion between

the number of transport vehicles and the number of orders,
then the number of transport vehicles added to each group of
data is λ× no,where no is the number of orders
4) The coordinates of an added vehicle are:

X = rand (0, 1)× (|XM − Xm|)

Y = rand(0, 1)× (|YM − Ym|);

5) The capacity of the transport vehicle is randomly
selected as 5, 10, or 15.

The schematic diagram of the method to improve the
instance is shown in Fig. 12. The red triangle represents
the pickup point of the original order, the black triangle
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FIGURE 12. Schematic diagram of instance improvement.

represents the delivery point of the original order, and the
black diamond represents the newly added vehicle. For
the third-party logistics platform, the quantity of transport
vehicles is generally large enough, so the parameter λ in
this article is set to 2 which can ensure that at least one
transport vehicle can be found near each pick-up node
(VSC). So in each group of data in the revised benchmark
instances, there are many starting point data of transport
vehicles, and these revised data set can be obtained from
http://www.301lib.com/pdpsl.

The four parameters of the algorithm (α, β, γ , and δ) in this
article are very important to the experimental results, which
affect the value of the objective function. Some experiments
by taking different values of these parameters show that these
parameters are closely related to the geographical distribution
of orders and transport vehicles, but not to the capacity of
transport vehicles and the requests of customers. According
to the experiment, the following empirical formulas can be
summarized:

α =
2

∑n
i=0

∑n
j=1 αij

kn(n− 1)(XM − Xm + YM − Ym)
(18)

β =
2

∑n
i=0

∑n
j=1 βij

kn(n− 1)(XM − Xm + YM − Ym)
(19)

γ =
2

∑n
i=0

∑n
j=1 γij

kn(n− 1)(XM − Xm + YM − Ym)
(20)

δ =
2

∑m
i=0

∑n
j=1 δij

km(n− 1)(XM − Xm + YM − Ym)
(21)

where m represents the number of vehicles, n represents the
number of orders, k is a constant (10 is taken in this article),
αij represents the distance between the pickup node of orders
i and j, βij represents the distance between the pickup node

of orders i and the delivery node of orders j, γij represents
the vertical distance from the pickup node of order i to the
line through pickup node and delivery node of order j, and
δij represents the distance between transport vehicle i and the
pickup node of order j.

2) PERFORMANCE METRICS OF CLUSTERING EFFECT
The path buffer clustering method in this article is a kind of
unlabeled clustering method, it needs to use the indicators
such as compactness and separation to evaluate the clustering
effect as discussed in [55]. In this article, the Silhouette
Coefficient (SC) is used to evaluate the clustering effect. The
mathematical expression is as follows:

sc =
b− a

max(a, b)
(22)

a =

∑
i∈S

∑
j∈S,i!=j d(i, j)

size(S)− 1
(23)

b =

∑
i∈S

∑
j∈T d(i, j)

size(T )
(24)

where a is the average distance between the sample and other
points in the same cluster, and b is the average distance
between the sample and other points in the next closest
cluster. S and T are sample sets of the current cluster and
nearest cluster to the current cluster respectively. The value of
the silhouette coefficient is between [−1, 1]. The closer the
SC to 1, the higher the internal compactness among clusters,
the better the clustering effect. The average of the silhouette
coefficients of all points is the total silhouette coefficients of
the clustering results.

The distance between sample i and j is calculated as
follows:

d(i, j) =
√
((sij + eij)/2)2 + (min(seij, seji))2 (25)

where sij represents the distance between the pickup node
order i and j, eij represents the distance between the delivery
node of order i and j, seij represents the distance between the
pickup node of order i and the delivery node of order j, and
seji represents the distance between the pickup node of order
j and the delivery node of order i.

To show the result of K -means clustering compared to the
path buffer clustering, its parameters are set as follows:

1) The clustering distance is calculated according to for-
mula (19)

2) the number of clustering centers is set to be the same
as the path buffer clustering algorithm.

The clustering effect was verified by these revised
instances with 50 requests. The results are shown in Table 4,
where NCC represents the number of clustering centers. The
experimental results show that the path buffer clustering algo-
rithm outperforms 66% (37 out of 56) of the data.

3) EFFECT OF SPLIT PROPORTION
The key parameters of the algorithm are of great significance
to its practical operations [56], [57]. The Split Proportion (SP)
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TABLE 5. Comparison of transport vehicle usage, total distance (TD) and percentage of loading rate under different split proportions (with the increase of
split proportion, the loading rate of vehicles (LR) tends to increase and the quantity of transport vehicles used tends to decrease).

FIGURE 13. Comparison of the transport vehicle usage under different
split proportions.

is an important parameter in this article. The clustering data
(LC101), semi-clustering data (LRC101), and discrete data
(LR101) is used to explore the optimal split proportion. The
initial solution is constructed using Solomon’s insertion algo-
rithm, and the length of the tabu list is set to 10. The split
proportion is set to 0.5 - 1.0 with the step of 0.05.

As shown in Table 5 and Fig. 13-15, where R repre-
sents split proportion, VN represents the number of transport
vehicles used, and LR represents the percentage of loading
rate. The experimental results show that with the increase
of split proportion, the loading rate of transport vehicles
tends to increase and the number of transport vehicles used
tends to decrease, while the total distance tends to decrease
firstly and then to increase quickly which means the objective
value increase firstly and then decrease quickly, and the total
distance is the smallest when the split proportion is about
85%, so we set the split proportion to 85% in following
experiments.

4) EXPERIMENTAL RESULTS ON REVISED INSTANCES
These revised instances were used to verify the algorithm
in this article. The split proportion of the multi-mark split

FIGURE 14. Comparison of time distance under different split
proportions.

FIGURE 15. Comparison of loading rate under different split proportions.

algorithm is set to 0.85, and the degree of concurrency is
set to 3. To facilitate comparison with the results of the
benchmark instances, we involve all data in optimization.
In this article, we only list results with 50 and 300 requests,
and more results are given in the attachment.
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TABLE 6. Experimental results with 50 requests after 10 runs (Multi-mark split has advantage in running time, unit split has advantages in transport
vehicle usage (44 out of 56), total distance (43 out of 56), and loading rate (34 out of 56)).

TABLE 7. Experimental results with 300 requests after 10 runs (Multi-mark split has advantage in running time, unit split has advantages in transport
vehicle usage (40 out of 60), total distance (46 out of 60), and loading rate (45 out of 60)).

The experimental results on instances with 50 requests and
300 requests are shown in Table 6 and Table 7, where RT rep-
resents the algorithm running times in second, VN represents
the quantity of vehicle used, LR represents the percentage of
loading rate, and TD represents total distance. After 10 runs
of each group of data, its best results, average results and stan-
dard deviation were analyzed. As shown in Table 6, the unit
split has advantages in total distance, transport vehicle usage,

and loading rate. Among them, 78.57% (44 out of 56) of
the data shows an advantage in transport vehicle usage, and
76.79% (43 out of 56) of the data shows an advantage in
total distance, and 60.71% (34 out of 56) of the data shows
an advantage in loading rate. As shown in Table 7, the
unit split has advantages in total distance, transport vehicle
usage, and loading rate. Among them, 66.67% (40 out of 60)
of the data shows an advantage in transport vehicle usage,
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TABLE 8. Comparison of unit split and multi-mark split algorithms (VN% = VNunit − VNmulti−mark /VNunit
,

TD% and LR% are calculated in the same way, RT% = RT unit /RT multi−mark
).

TABLE 9. Parameters and cost information of transportation vehicles.

and 76.67% (46 out of 60) of the data shows an advan-
tage in total distance, and 75% (45 out of 60) of the data
shows an advantage in loading rate. But the multi-mark split
algorithm has an obvious advantage in running time (about
5 times less on average). At the same time, the multi-mark
split algorithm has a slight advantage in algorithm
stability.

Table 8 reports a more accurate comparison of the devi-
ation values of the two algorithms in multiple dimensions.
As shown in the table, the deviation between the unit split
method and multi-mark split method in the NV, TD, and LR
is very small. The average deviation of the vehicle usage is
8.47%, the average deviation of distance is 6.87%, and the
average deviation of the loading rate is 5.75%. Therefore,
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TABLE 10. The unit loading cost of transport vehicles (unit: /vehicle · km).

TABLE 11. The structure of partial orders (other represents compact cars).

we strongly suggest to use the multi-mark split algorithm
in scenes with high real-time requirements or large-scale
datasets, while to use the unit split algorithm in scenes with
high accuracy requirements or small-scale datasets.

B. VALIDATION ON THE ACTUAL INSTANCE
In order to verify the practical value of the model and algo-
rithm, the verification is also carried out on the data of an
actual enterprise. Company C has four types of transport
vehicles of single-layer L1, double-layer L11, L12, and L22.
Calculate the purchase costs, insurance costs, labor costs,
fuel consumption, road and bridge costs, maintenance costs
and tire loss costs of these transport vehicles, and calcu-
late the fixed and variable costs for each transport vehicle.
The parameters and cost information of transport vehicles
are shown in Table 9, where TVT represents the transport
vehicle type, RC represents the rated capacity of transport
vehicle(unit: ton), E represents the fixed cost(unit: /times),
F represents the unit loading cost (unit: / vehicle · km).
The unit loading cost of the transport vehicle is a variable
cost of the transport vehicle transport one passenger finished
vehicle for one kilometer. The passenger finished vehicles
studied in this article mainly include SUV,MPV, and compact
cars. The unit loading costs of transport vehicles are shown
in Table 10, where PVT represents the passenger finished
vehicle type.

We select the partial data with 200 orders and 500 transport
vehicles of company C on a day to verify the algorithm.

TABLE 12. Experimental results on actual instance.

The data of orders and transport vehicles are given in attach-
ments task.xlsx and vehicle.xlsx. Table 11 shows the structure
of partial orders.

The length of the tabu list of the algorithm in this article
is set to 1000. After running 10 times, we take the data
with the largest profit as a result. As shown in Table 12,
comparing the results of our algorithm with the results of
enterprise statistics, this algorithm has obvious advantages
in terms of total profit, number of vehicles and loading rate.
Our algorithm can complete in an average of about 3 minutes,
and the average loading rate of transport vehicles can reach
more than 80%. Therefore, the model and algorithm in this
article have certain use-value, and can effectively reduce the
transportation cost of enterprises.

VI. CONCLUSION
This article has studied the vehicle scheduling problem of
third-party passenger finished vehicle logistics, and an inte-
ger programming model is established to maximize the total
profit. As far as we know, the path buffer clustering operator
is the first time proposed to be applied to vehicle routing
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planning problems, and is more effective compared to the
k-means clustering, and is more practical in actual engineer-
ing application. The multi-mark split operator can save a lot
of running time at the expense of little algorithm precision,
and is strongly suggested to be used in scenes with high real-
time requirements or large-scale datasets. The experimental
results show that the algorithm proposed in this article is effi-
cient and effective, and can effectively improve the average
loading rate of vehicles to about 80% in a relatively short
time.

Our sensitive experiments on α, β, γ , and δ show that
the values of these four key parameters of PCB are closely
related to the geographical distribution of orders and trans-
port vehicles, in actual application, in order to get the ideal
optimum objective value, these parameters are suggested to
be set as the empirical formulas provided by this article.
While sensitive experiments on the split proportion which
is a key parameter of MMS show that with the increase of
split proportion, the loading rate of transport vehicles tends
to increase, the number of transport vehicles used tends to
decrease, and that with the increase of split proportion,the
max profit of the enterprise increases firstly and then decrease
quickly, the maximum profit can be obtained at the point of
that the value of split proportion is about 85%.

Although the algorithm has achieved some excellent
results, the following is worthy of further study:

1) The actual algorithm complexity of path buffer cluster-
ing combining with an actual geographic information
system.

2) The dynamic priority to the requests, that is, to get the
maximum profit not all the requests in a scheduling
must be served.

3) Multiple continuous scheduling to maximize the total
profit.
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